Remote sensing allows for the continuous and repetitive measurement of rainfall values. Satellite rainfall products such as Tropical Rainfall Measurement Mission (TRMM) 3B42 and the Hydroestimator (Hydroe) can be potential sources of data for hydrologic applications, mainly in areas with irregular and sparse spatial distributions of traditional rain gauge stations. However, the accuracy of these satellite rainfall products over different spatial and temporal scales is unknown. In this study, we examined the potential of the TRMM 3B42 and Hydroe rainfall products to provide reliable rainfall estimates for a mountainous watershed in a humid subtropical climate region of Brazil. The purpose was to develop useful guidelines for future hydrologic studies on the potential and uncertainties of the rainfall products at different spatial and temporal resolutions. We compared the satellite products to reference rainfall data collected at 11 rain gauge stations irregularly distributed in the area. The results showed different levels of accuracy for each temporal scale evaluated. TRMM 3B42 performed better at the daily, monthly, and seasonal scales than Hydroe, while Hydroe presented a better correlation at the annual scale. In general, TRMM 3B42 overestimated the rainfall over the watershed at all evaluated temporal scales, whereas Hydroe underestimated it except for June-August at the seasonal scale. An evaluation based on contingency tables indicated that TRM 3B42 was better able to represent the local rainfall than Hydroe. The findings of this study indicate that satellite rainfall products are better suited for applications at the monthly and annual scales rather than the daily scale.
Introduction
Hydrology is the study of the distribution and circulation of water and its interaction with the environment, including interactions with living things and human beings [1] . Hydrologic studies play a major role in the monitoring of natural hazards such as droughts [2] and floods [3] [4] [5] . The most important variable for hydrologic applications is the accurate spatial rainfall data [6] , which is a critical input for hydrologic models [3, 4, 7] .
Because of the high spatiotemporal variability of rainfall, a dense monitoring network is required with rain gauges distributed regularly throughout the watershed to generate a reliable estimate [8] . Although traditional rain gauge stations provide the most accurate rainfall data, their According to the Köppen-Geiger classification system, the local climate is humid subtropical (Cwa), which is characterized by dry winters and rainy summers [24] . The annual air temperature ranges from 18 °C to 19 °C; it increases in summer during the three rainiest months (DecemberFebruary) and decreases in winter during the three driest months (June-August) [25] . Figure 2 presents monthly regional rainfall variations, based on forty years of daily data from five rain gauge stations provided by the Brazilian National Water Agency (ANA) (yellow points in Figure 1b) . Figure 2 also illustrates the mean monthly rainfall from 2009 to 2014, based on data from the TRMM 3B42 and Hydroe products.
The study area relief is predominantly hilly with alluvial plains, V-shaped valleys, and dendritic drainage [26] . The elevation is more than 2000 m at the southeastern mountain region, near the headwaters area of the Sapucaí River. The original vegetation corresponds to the Atlantic Forest domain. However, urban expansion, infrastructure development, and economic activities have caused degradation of the forest and changed the natural characteristics of the region to agricultural areas and pastures [26] . This region, particularly the municipality of Itajubá, is markedly affected by rainfall with the potential to induce flood events [27, 28] . According to the Köppen-Geiger classification system, the local climate is humid subtropical (Cwa), which is characterized by dry winters and rainy summers [24] .
The annual air temperature ranges from 18 • C to 19 • C; it increases in summer during the three rainiest months (December-February) and decreases in winter during the three driest months (June-August) [25] . Figure 2 presents monthly regional rainfall variations, based on forty years of daily data from five rain gauge stations provided by the Brazilian National Water Agency (ANA) (yellow points in Figure 1b ). The study area relief is predominantly hilly with alluvial plains, V-shaped valleys, and dendritic drainage [26] . The elevation is more than 2000 m at the southeastern mountain region, near the headwaters area of the Sapucaí River. The original vegetation corresponds to the Atlantic Forest domain. However, urban expansion, infrastructure development, and economic activities have caused degradation of the forest and changed the natural characteristics of the region to agricultural areas and pastures [26] . This region, particularly the municipality of Itajubá, is markedly affected by rainfall with the potential to induce flood events [27, 28] . 
Rain Gauge Stations
Rainfall data collected by 11 gauge stations available inside and near the study area ( Figure 1b ) were used as a reference to validate the TRMM and Hydroestimator data. Data collected by each of the five rain gauge stations in the Brazilian National Water Agency (ANA) network were measured daily at 10:00 a.m. (UTC) and represented the accumulated rainfall in the last 24 h (mm day −1 ). The ANA database provided rainfall data from the National Information System for Water Resources [29] . Rainfall data from six gauge stations of the Unifei-Copasa agreement for the flood warning system in the Sapucaí River Basin were provided by the Federal University of Itajubá (Unifei). Data provided by Unifei were measured at shorter time intervals: some data were collected every 30 min, and other data were collected every 1 h. Rainfall data measured between January 2009 and December 2014 from both sources represented the longer rainfall data period available.
Satellite Rainfall Products

TRMM Multisatellite Precipitation Analysis
The TMPA is designed to combine rainfall estimates from different satellite systems and-when possible-from land surface precipitation gauge analysis with the objective of providing the best global rainfall product [14] . The multi-sensor technique used to generate rainfall estimates combines passive MW data that are collected by a variety of low Earth orbit (LEO) satellites and windowchannel (~10.7 µm) IR data that are collected by the international constellation in geosynchronous earth orbit (GEO). The MW data have a physical relationship to hydrometers that measure the surface rainfall, but each individual satellite provides a very sparse sampling for the spatiotemporal occurrences of rainfall. This lack of data can be filled with IR data, which provides excellent temporal (half-hourly) and spatial (4 km × 4 km) coverage. The TMPA is computed twice as part of the routine processing for TRMM: the first is a real-time (RT) monitoring product about 9 h after real time, and then a post-real-time research-quality product is produced about 10-15 days after the end of each month. The research TMPA also makes use of three additional data sources: the TRMM Combined Instrument (TCI) estimate, which employs data from both TMI and the TRMM precipitation radar (PR) (TRMM product 2B31); the Global Precipitation Climatological Center (GPCC) monthly rain gauge analysis; and the Climate Assessment and Monitoring System (CAMS) monthly rain gauge analysis [14] .
Note that the TRMM satellite was boosted in altitude from 350 to 402 km in August 2001. Curtarelli et al. [18] evaluated the effects of the TRMM orbital change on the monthly rainfall measurements. They showed that the increased error does not preclude the use of the TRMM 3B43 product for estimating the areal rainfall over the Itumbiara Reservoir drainage area [18] . However, only data after the boost was included in the analysis of the present study.
In this study, we used the research TRMM 3B42 v7 product, with temporal and spatial resolutions of 3-hourly and 0. 25 
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TRMM Multisatellite Precipitation Analysis
The TMPA is designed to combine rainfall estimates from different satellite systems and-when possible-from land surface precipitation gauge analysis with the objective of providing the best global rainfall product [14] . The multi-sensor technique used to generate rainfall estimates combines passive MW data that are collected by a variety of low Earth orbit (LEO) satellites and window-channel (~10.7 µm) IR data that are collected by the international constellation in geosynchronous earth orbit (GEO). The MW data have a physical relationship to hydrometers that measure the surface rainfall, but each individual satellite provides a very sparse sampling for the spatiotemporal occurrences of rainfall. This lack of data can be filled with IR data, which provides excellent temporal (half-hourly) and spatial (4 km × 4 km) coverage. The TMPA is computed twice as part of the routine processing for TRMM: the first is a real-time (RT) monitoring product about 9 h after real time, and then a post-real-time research-quality product is produced about 10-15 days after the end of each month. The research TMPA also makes use of three additional data sources: the TRMM Combined Instrument (TCI) estimate, which employs data from both TMI and the TRMM precipitation radar (PR) (TRMM product 2B31); the Global Precipitation Climatological Center (GPCC) monthly rain gauge analysis; and the Climate Assessment and Monitoring System (CAMS) monthly rain gauge analysis [14] .
In this study, we used the research TRMM 3B42 v7 product, with temporal and spatial resolutions of 3-hourly and 0.25 × 0.25 • , respectively, for the period of January 2009 to December 2014 [30] . Note that the 3B42 research-derived daily product (mm day −1 ) was available. This daily product uses the Coordinated Universal Time (UTC) as the reference time and is derived from eight original 3-hourly TRMM 3B42 product files. For every data day, eight files are simply collected and scaled to obtain the daily rainfall (mm day −1 ). The first of the eight 3-hourly 3B42 files has a starting time of 10:30 p.m. (UTC) on the day before, and the last 3B42 file has the ending time 10:29 p.m. (UTC) on the data day. Therefore, the daily TRMM product did not match the daily rain gauge observations provided by ANA. To minimize this problem, the daily rainfall dataset was calculated from the values referring to 12 h (UTC) from the previous day until 9 h (UTC) of the following day, which represented the data day. Figure 3 illustrates the daily rainfall data of 3B42 matched to the daily rain gauge observations provided by ANA.
Remote Sens. 2017, 9, 1240 5 of 18 [30] . Note that the 3B42 research-derived daily product (mm day −1 ) was available. This daily product uses the Coordinated Universal Time (UTC) as the reference time and is derived from eight original 3-hourly TRMM 3B42 product files. For every data day, eight files are simply collected and scaled to obtain the daily rainfall (mm day −1 ). The first of the eight 3-hourly 3B42 files has a starting time of 10:30 p.m. (UTC) on the day before, and the last 3B42 file has the ending time 10:29 p.m. (UTC) on the data day. Therefore, the daily TRMM product did not match the daily rain gauge observations provided by ANA. To minimize this problem, the daily rainfall dataset was calculated from the values referring to 12 h (UTC) from the previous day until 9 h (UTC) of the following day, which represented the data day. Figure 3 illustrates the daily rainfall data of 3B42 matched to the daily rain gauge observations provided by ANA. Figure 3 . Differences in the daily rainfall amount: daily rainfall amount of 3B42 (3-hourly), daily 3B42 product, daily Hydroestimator product, and daily rain gauge data (ANA) (UTC).
Hydroestimator Algorithm
The Hydroestimator satellite rainfall estimation technique is a fully automated method that uses an empirical power-law function based on IR data from GOES to produce rainfall estimates [13] . The Hydroestimator (Hydroe) is another version of the Autoestimator and was developed to reduce the need for radar and/or rain gauge coverage exhibited by the latter [13] . The algorithm uses two important factors to automatically adjust the rainfall rate: (1) the parallax correction that is used to provide a better location of the precipitation cores; and (2) the orographic correction for adjusting the rainfall rate in complex terrain due to the lack of other data sources, such as radar and rain gauges [31] . A version adapted to the conditions and precipitation structure of South America has been running at the Center for Weather Forecasting and Climate Studies (CPTEC) of the National Institute for Space Research (INPE) since 2004 [12, 32] .
This rainfall estimate product was available at a spatial resolution of 0.04° and temporal resolution of 15-30 min (mm h −1 ), in addition to a daily product (mm day −1 ) [33] . The daily data represented the accumulated rainfall from 12:00 UTC on the day before to 12:00 UTC on the data day ( Figure 3 ). To match the gauge observations from 10:00 a.m. (UTC) to 10:00 a.m. the day after, we collected the data for this time interval to obtain the daily rainfall dataset.
Preparation of Reference Data
The obtained time series represents a period between January 2009 and December 2014. Before the TRMM 3B42 and Hydroe products were evaluated, the reference rainfall data were organized and homogenized to evaluate the consistency. Data gaps were filled using a linear-regression method, which was straightforward and useful for extrapolating rainfall records to areas with incomplete records [34] . The independent variable was the gauge station used to fill the gap, and the dependent variable was the gauge station with the data gap. After the gap filling, consistency analysis was performed by using the double-mass curve (DMC) technique to verify the presence of abnormalities in the rainfall data from the gauge stations [35] . Table 1 summarizes the rain gauge stations used as references in this study. 
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This rainfall estimate product was available at a spatial resolution of 0.04 • and temporal resolution of 15-30 min (mm h −1 ), in addition to a daily product (mm day −1 ) [33] . The daily data represented the accumulated rainfall from 12:00 UTC on the day before to 12:00 UTC on the data day ( Figure 3) . To match the gauge observations from 10:00 a.m. (UTC) to 10:00 a.m. the day after, we collected the data for this time interval to obtain the daily rainfall dataset.
Preparation of Reference Data
The obtained time series represents a period between January 2009 and December 2014. Before the TRMM 3B42 and Hydroe products were evaluated, the reference rainfall data were organized and homogenized to evaluate the consistency. Data gaps were filled using a linear-regression method, which was straightforward and useful for extrapolating rainfall records to areas with incomplete records [34] . The independent variable was the gauge station used to fill the gap, and the dependent variable was the gauge station with the data gap. After the gap filling, consistency analysis was performed by using the double-mass curve (DMC) technique to verify the presence of abnormalities in the rainfall data from the gauge stations [35] . Table 1 summarizes the rain gauge stations used as references in this study. Rainfall data provided by Unifei were accumulated in the form of daily data to match the daily rain gauge observations provided by ANA.
To obtain the mean rainfall based on reference data over the watershed, we chose the Thiessen polygon method, which considers the non-uniformity in the spatial distribution of the rain gauge stations, where it simply assumes a linear variation of rainfall between stations [8, 18] . This method defines the area of influence for each station within the watershed, where the mean rainfall is calculated by weighting the rainfall values of each station for its area of influence [8] . To perform an analysis at different time scales, the mean rainfall data were organized into daily, monthly, seasonal, and annual data.
Mean Rainfall Estimation Using the Satellite Products
To estimate the mean rainfall over the watershed with the TRMM 3B42 and Hydroe rainfall products, the first step consisted of converting the unit of rate (mm h −1 ) to a daily cumulative unit (mm day −1 ) for each product. The daily mean rainfall over the study area was obtained by the weighted average method using the daily rainfall grid for each satellite product. This method weights the area of the pixels contained within the study area to calculate daily mean rainfall values. The weighted average method was performed with R statistical software [36] through the Raster package [37] .
The daily rainfall data of TRMM 3B42 and Hydroe satellite products were also organized into monthly, seasonal, and annual data for comparison and evaluation with the reference data. Besides the mean rainfall values, the data were also extracted and organized in terms of the original daily values of each pixel that includes a rain gauge station for further point-to-pixel evaluation to compare the time series of rainfall data observed at gauge stations with the respective satellite rainfall estimates for each grid cell.
Evaluation of the Satellite Rainfall Products
Validation was focused on the rainfall characteristics relevant to hydrologic applications, such as the performance at different temporal scales (daily, monthly, annual, and seasonal) and spatial scales (two spatially aggregated levels: point-to-pixel and mean values to the whole study area), and the reproducibility of days without rain and daily events with rainfall above a fixed threshold.
The satellite rainfall estimates were evaluated through analyses of the error (P 3B42 − P rain gauge for TRMM data and P Hydroe − P rain gauge for Hydroe data), linear correlation coefficient (r), bias, mean absolute error (MAE), and root mean square error (RMSE) based on the work of Curtarelli et al. [18] and Duan and Bastiaanssen [10] . To facilitate the comparison and discussion with published results, the relative value of each statistical indicator was also calculated based on the mean rainfall estimated by the reference data for all temporal scales. The relative RMSE was used to evaluate the reliability of the satellite rainfall products; values less than 50% of the gauge observations were considered reliable [9] .
In addition to the above statistics, we also evaluated the ability of the satellite products to reproduce the observed rainfall with a focus on discriminating heavy rainfall events (90th percentile of gauge observations) [4] and days without rain (p = 0 mm day −1 ). The ability of a product is based on a contingency table (see Table 2 ), which includes four variables calculated from the set of observations (reference data) and estimated values (satellite rainfall products) [38, 39] . Based on the contingency table, Peirce [40] formulated the Peirce Skill Score (PSS). The PSS accounts for all elements of the contingency table and is calculated as the difference between the probability of detection (POD) and probability of false detection (POFD) [38, 39] :
PSS values range from −1 to 1. A PSS of greater than 0 means that the number of hits was higher than the number of false alerts and indicates that remote sensing data have some ability to estimate rainfall. An estimate has no predictive ability when PSS ≤ 0 [38] . Figure 4 shows the spatial distributions of the eleven available rain gauge stations, as well as the TRMM 3B42 and Hydroe grid.
Results
Daily Scale
Remote Sens. 2017, 9, 1240 7 of 18 of gauge observations) [4] and days without rain (p = 0 mm day −1 ). The ability of a product is based on a contingency table (see Table 2 ), which includes four variables calculated from the set of observations (reference data) and estimated values (satellite rainfall products) [38, 39] . [40] formulated the Peirce Skill Score (PSS). The PSS accounts for all elements of the contingency table and is calculated as the difference between the probability of detection (POD) and probability of false detection (POFD) [38, 39] :
PSS values range from −1 to 1. A PSS of greater than 0 means that the number of hits was higher than the number of false alerts and indicates that remote sensing data have some ability to estimate rainfall. An estimate has no predictive ability when PSS ≤ 0 [38] . Figure 4 shows the spatial distributions of the eleven available rain gauge stations, as well as the TRMM 3B42 and Hydroe grid. As the rainfall events present high spatiotemporal variability, a point-to-pixel evaluation was performed to compare daily time series at each gauge station with the respective satellite grid cell. This evaluation can give a more reliable representation of the performance of satellite products in As the rainfall events present high spatiotemporal variability, a point-to-pixel evaluation was performed to compare daily time series at each gauge station with the respective satellite grid cell. This evaluation can give a more reliable representation of the performance of satellite products in estimating the rainfall spatial variability. Table 3 presents the summary statistics used for point-to-pixel evaluations. Table 3 indicates that the TRMM 3B42 and Hydroe pixels contained large errors. The relative RMSE values for both products were higher than 200%. Despite differences in the spatial resolution of each satellite product analyzed (Figure 4) , the TRMM pixels showed higher r values than the Hydroe pixels when compared with the daily rainfall values observed at the rain gauge stations. In general, the pixels of the Hydroe product tended to underestimate the rainfall observed by rain gauge stations. These bias values contrasted with the behavior of the TRMM pixels. Even with a smaller grid size, the Hydroe pixels showed worse RMSE results than the TRMM products.
Results
Daily Scale
To understand the possible effects of the high elevation variation in the satellite rainfall estimates, further analysis (Figure 5a ,b) was performed to show the RMSE variation of each pixel as a function of elevation (using the data in Table 1 ). The RMSEs of the TRMM products (Figure 5a ) did not correlate linearly with the elevation variation (r = 0.04), whereas the RMSEs found with the Hydroe data presented a negative linear correlation (r = −0.47); that is, the RMSE values decreased slightly with higher altitudes. However, these findings should be interpreted with caution. Although lower linear correlation and higher RMSE values were observed with the Hydroe data compared to TRMM statistical values (Table 3) , the Hydroe data provide more detailed spatial information in terms of rainfall than the TRMM 3B42, due to its original spatial resolution of 0. estimating the rainfall spatial variability. Table 3 presents the summary statistics used for point-topixel evaluations. Table 3 indicates that the TRMM 3B42 and Hydroe pixels contained large errors. The relative RMSE values for both products were higher than 200%. Despite differences in the spatial resolution of each satellite product analyzed (Figure 4) , the TRMM pixels showed higher r values than the Hydroe pixels when compared with the daily rainfall values observed at the rain gauge stations. In general, the pixels of the Hydroe product tended to underestimate the rainfall observed by rain gauge stations. These bias values contrasted with the behavior of the TRMM pixels. Even with a smaller grid size, the Hydroe pixels showed worse RMSE results than the TRMM products.
To understand the possible effects of the high elevation variation in the satellite rainfall estimates, further analysis (Figure 5a,b) was performed to show the RMSE variation of each pixel as a function of elevation (using the data in Table 1 ). The RMSEs of the TRMM products (Figure 5a ) did not correlate linearly with the elevation variation (r = 0.04), whereas the RMSEs found with the Hydroe data presented a negative linear correlation (r = −0.47); that is, the RMSE values decreased slightly with higher altitudes. However, these findings should be interpreted with caution. Although lower linear correlation and higher RMSE values were observed with the Hydroe data compared to TRMM statistical values (Table 3) , the Hydroe data provide more detailed spatial information in terms of rainfall than the TRMM 3B42, due to its original spatial resolution of 0.04° versus that of the TRMM products (0.25 × 0.25°). The satellite rainfall products were also evaluated in terms of their mean values for the whole study area. Figure 6a ,b show the evaluation of the rainfall estimates from 3B42 and Hydroe versus rain gauges in the Sapucaí watershed at a daily scale. The 3B42 product had a linear correlation coefficient of 0.70, bias of 0.85 mm (23%), and RMSE value of 6.6 mm (181%), which suggests that the daily estimate of 3B42 is unreliable. While the TRMM data indicated an overestimation, the Hydroe data underestimated the rain gauge observations with a bias of −0.30 mm (−8%), r value of 0.51, and RMSE of 7.6 mm (208%), which are worse results than those of the TRMM product. Daily analysis based on point-to-pixel data (Table 3) and mean values for the study area (Figure 6a,b) showed different results. The r values found by point-to-pixel validation of the TRMM and Hydroe products were lower than those found with the mean values, although the errors were higher. This behavior supports the conclusion that enlargement of the spatial scale smoothens the errors.
Remote Sens. 2017, 9, 1240 9 of 18 rain gauges in the Sapucaí watershed at a daily scale. The 3B42 product had a linear correlation coefficient of 0.70, bias of 0.85 mm (23%), and RMSE value of 6.6 mm (181%), which suggests that the daily estimate of 3B42 is unreliable. While the TRMM data indicated an overestimation, the Hydroe data underestimated the rain gauge observations with a bias of −0.30 mm (−8%), r value of 0.51, and RMSE of 7.6 mm (208%), which are worse results than those of the TRMM product. Daily analysis based on point-to-pixel data (Table 3) and mean values for the study area (Figure 6a,b) showed different results. The r values found by point-to-pixel validation of the TRMM and Hydroe products were lower than those found with the mean values, although the errors were higher. This behavior supports the conclusion that enlargement of the spatial scale smoothens the errors. In general, the biggest errors of the 3B42 and Hydroe products showed a seasonality compatible with periods of heavy rainfall events from December to February (summer in the Southern hemisphere), while periods of drought (June, July, and August) had low error values (Figure 7a,b) .
The behavior identified by the analysis of daily error (Figure 7a,b) clearly involves the ability of the satellite products to reproduce observed rainfall during the rainy season, which is a period with higher rainfall rates. By using the POD, POFD, and PSS metrics in the contingency table (Table 4) , it is possible to determine the ability of the satellite rainfall products (TRMM 3B42 and Hydroe) to detect days without rain (p = 0 mm day −1 ) and heavy rainfall events. Here, the latter was considered as the 90th percentile of gauge observations.
The satellite rainfall products of TRMM and Hydroe provided skillfully estimated values (i.e., PSS > 0) in both analyses (Table 4 ). The 3B42 product (PSS > 0.50) was better able to represent the local rainfall than the Hydroe product. However, isolating the POD analysis to p = 0 mm day −1 indicated better behavior from Hydroe (POD = 0.92), although the POFD was high (0.44). This high POFD suggests that the Hydroe algorithm is insensitive to low rainfall values; in other words, it considers days with a low rainfall rate as days with p = 0 mm. In general, the biggest errors of the 3B42 and Hydroe products showed a seasonality compatible with periods of heavy rainfall events from December to February (summer in the Southern hemisphere), while periods of drought (June, July, and August) had low error values (Figure 7a,b) .
The satellite rainfall products of TRMM and Hydroe provided skillfully estimated values (i.e., PSS > 0) in both analyses (Table 4 ). The 3B42 product (PSS > 0.50) was better able to represent the local rainfall than the Hydroe product. However, isolating the POD analysis to p = 0 mm day −1 indicated better behavior from Hydroe (POD = 0.92), although the POFD was high (0.44). This high POFD suggests that the Hydroe algorithm is insensitive to low rainfall values; in other words, it considers days with a low rainfall rate as days with p = 0 mm. Figure 8 shows the monthly values of each satellite rainfall product and reference data. The monthly rainfall values of the TRMM and Hydroe products had a pattern similar to the observed values of the rain gauge stations for the entire analysis period. The satellite products were able to Figure 8 shows the monthly values of each satellite rainfall product and reference data. The monthly rainfall values of the TRMM and Hydroe products had a pattern similar to the observed values of the rain gauge stations for the entire analysis period. The satellite products were able to estimate the seasonal variation during the summer (rainy period) and winter (low rainfall rate). Figure 9a,b show the evaluations of the monthly rainfall estimates by TRMM and Hydroe. The 3B42 product had a higher r value (0.91) than Hydroe (r = 0.85). Similar to the daily behavior, the TRMM monthly data tended to overestimate the rainfall within the watershed by 26 mm (23%). The Hydroe product underestimated the rainfall with a bias of −9 mm (−8%). The MAE and RMSE values were considerably reduced compared to the daily results. The relative RMSE values were lower than 50% for both satellite products, suggesting that TRMM and Hydroe are more suitable for monthly applications than daily applications. The 3B42 product had a higher r value (0.91) than Hydroe (r = 0.85). Similar to the daily behavior, the TRMM monthly data tended to overestimate the rainfall within the watershed by 26 mm (23%). The Hydroe product underestimated the rainfall with a bias of −9 mm (−8%). The MAE and RMSE values were considerably reduced compared to the daily results. The relative RMSE values were lower than 50% for both satellite products, suggesting that TRMM and Hydroe are more suitable for monthly applications than daily applications. Figure 9a,b show the evaluations of the monthly rainfall estimates by TRMM and Hydroe. The 3B42 product had a higher r value (0.91) than Hydroe (r = 0.85). Similar to the daily behavior, the TRMM monthly data tended to overestimate the rainfall within the watershed by 26 mm (23%). The Hydroe product underestimated the rainfall with a bias of −9 mm (−8%). The MAE and RMSE values were considerably reduced compared to the daily results. The relative RMSE values were lower than 50% for both satellite products, suggesting that TRMM and Hydroe are more suitable for monthly applications than daily applications. Because the analysis of the monthly error ( Figure 10 ) did not allow the identification of a clear error pattern over the years, a seasonal evaluation was performed in order to understand the behavior of the mean seasonal rainfall according to the TRMM and Hydroe products. Tables 5 and 6 present the r, bias, MAE, and RMSE values at the seasonal scale: December-February (DJF), March-May (MAM), June-August (JJA), and September-November (SON). The TRMM r varied between 0.75 (SON) and 0.87 (MAM and JJA) with higher values for all four seasons compared with Hydroe. The 3B42 product overestimated the seasonal accumulated rainfall, mainly during MAM (bias = 33.37 mm month −1 ; 38%). The relative RMSE of more than 60% indicates that the rainfall estimates for this season are unreliable. Therefore, the TRMM product is generally reliable for estimating the rainfall during DJF, JJA, and SON (%RMSE < 50%). Table 6 indicates that the Hydroe product had a maximum r value of 0.77 (MAN) and minimum value of 0.63 (SON). Despite the general trend of the monthly rainfall over the study area being underestimated (Figure 9b ), the seasonal analysis detected a different performance for JJA. In this specific period, the Hydroe product overestimated the rainfall with a bias of 3.51 mm (8.8%). The relative RMSE value of >69% suggests that the JJA seasonal estimate from Hydroe is unreliable. This high relative RMSE value for the period of JJA may be related to the insensibility to low rainfall values (POFD = 0.44, Table 4 ), which is common during this period of the year when low monthly values of accumulated rainfall are often found (Figure 11) . Figure 11 illustrates the mean monthly rainfall from 2009 to 2014. The mean rainfall from TRMM 3B42 did not exceed the rain gauge data only in August, while it tended to overestimate the reference data in the other months. The Hydroe data reproduced the general pattern of monthly rainfall but overestimated January, June, July, and September. Because the analysis of the monthly error ( Figure 10 ) did not allow the identification of a clear error pattern over the years, a seasonal evaluation was performed in order to understand the behavior of the mean seasonal rainfall according to the TRMM and Hydroe products. Tables 5 and 6 present the r, bias, MAE, and RMSE values at the seasonal scale: December-February (DJF), March-May (MAM), June-August (JJA), and September-November (SON). The TRMM r varied between 0.75 (SON) and 0.87 (MAM and JJA) with higher values for all four seasons compared with Hydroe. The 3B42 product overestimated the seasonal accumulated rainfall, mainly during MAM (bias = 33.37 mm month −1 ; 38%). The relative RMSE of more than 60% indicates that the rainfall estimates for this season are unreliable. Therefore, the TRMM product is generally reliable for estimating the rainfall during DJF, JJA, and SON (%RMSE < 50%). Table 6 indicates that the Hydroe product had a maximum r value of 0.77 (MAN) and minimum value of 0.63 (SON). Despite the general trend of the monthly rainfall over the study area being underestimated (Figure 9b ), the seasonal analysis detected a different performance for JJA. In this specific period, the Hydroe product overestimated the rainfall with a bias of 3.51 mm (8.8%). The relative RMSE value of >69% suggests that the JJA seasonal estimate from Hydroe is unreliable. This high relative RMSE value for the period of JJA may be related to the insensibility to low rainfall values (POFD = 0.44, Table 4 ), which is common during this period of the year when low monthly values of accumulated rainfall are often found (Figure 11 ). 
Monthly Scale
Annual Scale
The final analysis was based on the annual accumulated rainfall (Figure 12 ). TRMM overestimated all six years of the analysis period. The highest error was in 2010, when it exceeded the rainfall observed by rain gauge stations by 700 mm. The correlation coefficient values (Figure 13a,b) showed that the annual rainfall over the watershed and estimated with the Hydroe product had a good correlation with the observed reference data (r = 0.90). Hydroe tended to underestimate the annual rainfall by −107 mm (−8%). The TRMM 3B42 product had an r value of 0.84 and bias of 312 mm, which is 23% higher relative to the observed value. Figure 11 illustrates the mean monthly rainfall from 2009 to 2014. The mean rainfall from TRMM 3B42 did not exceed the rain gauge data only in August, while it tended to overestimate the reference data in the other months. The Hydroe data reproduced the general pattern of monthly rainfall but overestimated January, June, July, and September.
The final analysis was based on the annual accumulated rainfall (Figure 12 
The final analysis was based on the annual accumulated rainfall (Figure 12 ). TRMM overestimated all six years of the analysis period. The highest error was in 2010, when it exceeded the rainfall observed by rain gauge stations by 700 mm. The correlation coefficient values (Figure 13a,b) showed that the annual rainfall over the watershed and estimated with the Hydroe product had a good correlation with the observed reference data (r = 0.90). Hydroe tended to underestimate the annual rainfall by −107 mm (−8%). The TRMM 3B42 product had an r value of 0.84 and bias of 312 mm, which is 23% higher relative to the The correlation coefficient values (Figure 13a,b) showed that the annual rainfall over the watershed and estimated with the Hydroe product had a good correlation with the observed reference data (r = 0.90). Hydroe tended to underestimate the annual rainfall by −107 mm (−8%). The TRMM 3B42 product had an r value of 0.84 and bias of 312 mm, which is 23% higher relative to the observed value. 
Discussion
The profiles of heavy rainfall events are largely subject to small-scale variabilities in space and time. Hence, the first validation was performed on the smallest possible spatial scale (point-to-pixel analysis) to understand the ability of the satellite products to estimate the daily rainfall at each point represented by the rain gauge stations. Ouatiki et al. [41] found low values for the linear relationship (<0.38) at all 19 rain gauge stations across a mountainous watershed in Morocco and explained that the low efficiency of the TRMM 3B42 product was due to the rapid cloud dynamics and the stormy nature of rainfall events in the study region. The authors also observed that the TRMM product had difficulties in estimating rainfall levels over mountainous regions receiving snowfall [41] . In general, the r values obtained with TRMM and Hydroe products in this work (Table 2) were higher than those measured in Morocco [41] . Yuan et al. [20] evaluated the quality of the daily TRMM 3B42 and GPM IMERG products at the locations of five rain gauges in Myanmar. The results showed considerable errors and low correlation coefficients for both products (r < 0.35) [20] . Jiang et al. [19] analyzed the TRMM 3B42 product across a large region of China and obtained higher correlation coefficients in the wet part of the study area, whereas lower r values occurred mostly in relatively dry regions. Although the rainfall over the study area was better estimated in this work than in the studies by Ouatiki et al. [41] and Yuan et al. [20] , the TRMM and Hydroe products showed high error values. Comparing satellite pixels with data from rain gauge stations involves a mismatched spatial scale because the satellite products are extracted from an area of approximately 625 km 2 for the TRMM products and of 25 km 2 for the Hydroe products, unlike the rain gauges that provide punctual rainfall measurements.
The daily mean value results found here are similar to those reported in previous studies. We found higher r values with the TRMM 3B42 product than Collischonn et al. [42] and similar values to those reported by Nobrega et al. [43] . Nobrega et al. [43] noted that the good performance of TRMM with daily data is linked with the predominance of convective rainfall in the Jamari River Basin, Brazil. Soares et al. [44] found higher values for the correlation coefficient (between 0.75 and 0.89) than the results in this study (r = 0.70 for TRMM and r = 0.51 with Hydroe). The difference in performance may be related to the precipitation regimes of each region. The Sapucaí watershed has an average annual rainfall of 1200 mm, while Paraíba state, which is located in the semiarid region, varies from 300 to 1000 mm. Studies conducted in the mountainous regions of South Korea [21] and China [19] showed different r values. We found higher correlation coefficients with TRMM (r = 0.7, Figure 6a ) and lower coefficients with Hydroe (r = 0.51, Figure 6b ) than those reported by Jiang et al. [19] (r = 0.66). However, our results were slightly lower than those of Kim et al. [21] , who identified 
The daily mean value results found here are similar to those reported in previous studies. We found higher r values with the TRMM 3B42 product than Collischonn et al. [42] and similar values to those reported by Nobrega et al. [43] . Nobrega et al. [43] noted that the good performance of TRMM with daily data is linked with the predominance of convective rainfall in the Jamari River Basin, Brazil. Soares et al. [44] found higher values for the correlation coefficient (between 0.75 and 0.89) than the results in this study (r = 0.70 for TRMM and r = 0.51 with Hydroe). The difference in performance may be related to the precipitation regimes of each region. The Sapucaí watershed has an average annual rainfall of 1200 mm, while Paraíba state, which is located in the semiarid region, varies from 300 to 1000 mm. Studies conducted in the mountainous regions of South Korea [21] and China [19] showed different r values. We found higher correlation coefficients with TRMM (r = 0.7, Figure 6a ) and lower coefficients with Hydroe (r = 0.51, Figure 6b ) than those reported by Jiang et al. [19] (r = 0.66). However, our results were slightly lower than those of Kim et al. [21] , who identified an elevation-dependent performance for the TRMM product with high correlations at low elevations and low correlations at high elevations.
Based on the PSS values (Table 4) , we found that the two satellite products were better at detecting days without rainfall (p = 0 mm day −1 ) than heavy rainfall events. Thus, the better performance may be explained by the greater ability to estimate days without rain than rainy days. These findings need to be interpreted with caution; a previous study [19] suggested that the capability of TRMM 3B42 at detecting rainfall events is influenced by the combination of the precipitation regime, latitude, and distance to the ocean. In this work, we used the POD to assess the ability of satellite products to estimate heavy rainfall events (rainfall > 11.57 mm day −1 ). Ouatiki et al. [41] and Yuan et al. [20] applied the POD to detect rainfall events (rainfall > 0.5 mm day −1 ) and found lower values than those reported here with the 3B42 product (POD = 0.7). The POD value with the Hydroe product (POD = 0.43) was similar to the values found by Ouatiki et al. [41] and higher than that reported by Yuan et al. [20] . The tendency of satellite products to overestimate or underestimate the rainfall over the study area was evaluated. Overall, the Hydroe algorithm showed a negative bias, and TRMM 3B42 showed a positive bias. Falck et al. [7] studied the rainfall estimated by TRMM 3B42, Hydroe, CMORPH, and GSMaP over the Tocantins-Araguaia catchment in Brazil and found different values: Hydroe exhibited a large positive bias in the middle and lower basins, and 3B42RT showed a bias close to zero in most regions of the basin. TRMM and Hydroe showed behavior specific to each basin; based on these results, they cannot be generalized to other study areas. Alfieri et al. [38] considered PSS > 0.5 to be a good indicator of a system's ability at estimating rainfall values. From this perspective, only the 3B42 product showed values higher than 0.5 for both analyses. Therefore, it presented a better performance than the Hydroe product.
The daily rainfall data were integrated over time to monthly accumulated values. Overall, the satellite products reproduced the monthly rainfall of the watershed with a greater accuracy than the daily products. The monthly rainfall of the study period between January 2009 and December 2014 was used to detect the six rainiest months (October, November, December, January, February and March) and six drier months (April, May, June, July, August and September). This is the same profile found by Rao et al. [25] . The statistical values for the monthly data showed improvement compared with the results of the daily analysis. However, Curtarelli et al. [18] evaluated the monthly mean rainfall estimated with the TRMM 3B43 product over the Itumbiara Reservoir drainage area and found higher values (r = 0.96 and relative RMSE lower than 20%). Curtarelli et al. [18] also found better bias, MAE, and RMSE values with the seasonal evaluation, which indicates that the TRMM 3B43 product provides a reliable estimation of the rainfall over the Itumbiara Reservoir drainage area. Franchito et al. [9] analyzed data from the TRMM Precipitation Radar (PR) for the southeast region of Brazil and obtained lower values than the two products analyzed here. Oliveira et al. [45] studied the relation between TRMM data and rain gauges at monthly and annual scales over Brazilian Cerrado. They pointed out that errors in TRMM precipitation were the main source of water budget uncertainty. Oliveira et al. [45] found similar r and RMSE values to those obtained here with TRMM data but higher than the values found with Hydroe data.
Even though Thiemig et al. [46] found deficiencies in TRMM 3B42 for mountainous areas in Africa, where the rainfall was generally underestimated, we observed that TRMM tended to overestimate the rainfall over the study area. It still performed better than the Hydroe product. The better performance of TRMM can be linked to its embedded bias correction, which relies on rain gauge data and the multi-sensor technique. However, in order to extend the applications of TRMM products in hydrologic studies, the detection capability of the 3B42 product needs to be enhanced, especially at a daily scale [19] . In this context, GPM is expected to improve the next generation of global precipitation observation satellites.
Conclusions
In this study, satellite rainfall products represented by TRMM 3B42 and Hydroe were evaluated for the quality of their rainfall estimates at different temporal scales based on data from rain gauge stations over the Sapucaí watershed in a humid subtropical climate region of Brazil for the period of January 2009 to December 2014.
The results showed that TRMM performed better at the daily, monthly, and seasonal scales than Hydroe, while Hydroe presented a lower bias at the annual scale. However, they showed different trends. The TRMM product overestimated rainfall over the watershed at all temporal scales considered, whereas Hydroe underestimated the rainfall except for the JJA season at the seasonal scale, for which it overestimated the rainfall. In addition to the evaluations at different temporal scales, the ability of the satellite products to reproduce observed rainfall was evaluated according to contingency tables, with a focus on discriminating heavy rainfall events and days without rain. The results indicated that the 3B42 product was better able to represent the local heavy rainfall (PSS = 0.61) and days without rain (PSS = 0.63) than the Hydroe product (PSS = 0.37 for heavy rainfall events and 0.47 for days without rain). The findings of this study indicate that satellite rainfall products are better suited for applications at monthly and annual scales than at the daily scale, although further improvements are needed to reduce the errors of the daily data.
This study helps in enhancing our understanding of the accuracy of two satellite products (TRMM 3B42 v7 and Hydroe). However, given the sample size, the period analyzed, and the characteristics of the region, caution must be taken when considering the results presented. In summary, the results allow for discrimination between available products depending on the applications needed for regions with sparse or no rain gauge coverage, although the errors, uncertainties, potential, and limitations need to be kept in mind. Despite the differences between satellite rainfall data and ground data, this work emphasizes the use of remotely sensing data. Overall, the TRMM and Hydroe products were evaluated for their ability to estimate the rainfall over the Sapucaí watershed. The evaluation in this specific watershed is especially attractive for the community because it shows how precise rainfall estimates by remote sensing are over a mountainous region, which usually has a poor spatial coverage of rain gauge stations around the world. The results will be helpful for investigations or applications in hydrologic studies, such as managing floods. Further investigations should be conducted to examine the potential of calibration and bias correction for satellite products based on rain gauge data and the propagation of satellite precipitation uncertainties through a hydrologic model.
